1. Time-series data from a twice-replicated population experiment (consisting of a seed beetle (host), Callosobruchus chinensis , and two parasitoids, Anisopteromalus calandrae and Heterospilus prosopidis ) were studied in order to identify and to estimate the density-dependent structure. 2. A non-parametric host-parasitoid model based on the Nicholson-Bailey model, was studied through non-parametric autoregressive modelling. An additive non-linear structure was found in the population growth/parasitism rates for all three species. 3. The analysis suggests that the abundance of A. calandrae only weakly affects its own parasitism rate as well as H. prosopidis parasitism rate. 4. The analysis also suggests that the net population growth rate of C. chinensis is highly non-linear, which may be due to disproportionately higher egg mortality at high adult densities. 5. Non-linearity was also demonstrated in the parasitism rate of H. prosopidis , which is consistent with assuming that the density-dependent mutual interference becomes disproportionately higher at high H. prosopidis adult densities.
Introduction
Density dependence has been a central issue in population biology during the last several decades (Nicholson 1933 ; for reviews see Dempster & McClean 1998) . Scramble-type resource competition was found to cause population oscillations with large amplitude (Nicholson 1954) . Relative importance of density-dependent population regulation vs. climate factors in nature has been controversial (Andrewartha & Birch 1954; Smith 1963) , and density vagueness was again controversial in the 1980s (Strong 1986 ). Therefore, detecting density dependence in nature has become one of the most important topics of research in population ecology. Methods that can detect density dependence have been discussed and improved many times (Vickery & Nuds 1984; Pollard, Lakhani & Rothery 1987; Dennis & Taper 1994) .
Since May (1974) demonstrated that even fairly simple non-linear models can generate very complicated dynamics (including chaos), there has been a focus on identifying non-linearities in density-dependent structures (e.g. May 1984 ). This has largely been performed within a parametric model setting (e.g. Maynard Smith & Slatkin 1973; Hassell & May 1974; Hassell 2000) . Bellows (1981) studied the dynamic properties of varieties of non-linear parametric models, including the one proposed by Maynard Smith & Slatkin (1973) . The paper by May & Hassell (1981) discusses several non-linear parametric models for three-species systems consisting of one host and two parasitoids.
Here, the density-dependent structure in a threespecies, host-parasitoid experimental system consisting of one host ( Callosobruchus chinensis (L.)) and two parasitoid wasps ( Anisopteromalus calandrae (Howard) and Heterospilus prosopidis (Viereck)) are studied. A combination of the host and each of the parasitoid wasps as well as the single-species system of host alone have earlier been studied thoroughly (for summary see Shimada 1999) . The host C. chinensis exhibits a compensatory density-dependent structure so that its single-species system rapidly converges to the equilibrium density (Fujii 1968; Shimada 1989; Shimada & Tuda 1996) . A combination of the host and A. calandrae is known to exhibit oscillations with small amplitudes, and has several density-stabilizing factors such as density-dependent regulation of the host's reproduction, the attack rate by A. calandrae being of the type-III (sigmoidal) functional response (e.g. Utida 1957a; Kistler 1985; Shimada & Fujii 1985) . On the other hand, H. prosopidis represents a destabilizing factor in combination with the common host, with a very high attack rate showing a type-II functional response (Utida 1957a; Fujii 1983; Kistler 1985; Shimada 1999) . Both overcompensating density-dependent response in parasitism and mutual interference are likely to cause oscillations with large magnitudes. Indeed, in a system with H. prosopidis , C. chinensis frequently goes extinct, even though it may persist for some time in some experimental replicates (Utida 1957b; Tuda & Shimada 1995) .
A problem with parametric models is that they are constrained to rather particular and restricted forms. This may be particularly problematic in cases where there are no theoretical derivations -justified empirically -of the particular functional forms. Essentially, all involved functions are phenomenological, and since generally one is not able to develop models from first principles in the field of ecology, flexibility in form is essential. A non-parametric approach does not constrain to assume the functional form. In this paper a non-parametric approach is adapted to analyse the density-dependent structure in the one-host-two-parasitoids system. The aim is to identify which species determines the abundance of each species, and to localize the non-linearities (if present) in the density-dependent structure of the system.
Materials and methods

    
The data consist of abundance time-series of a twicereplicated one-host-two-parasitoid experimental system (replicates A and B; Shimada 1999) . Each system consists of a seed beetle ( C. chinensis (L.) [Bruchidae] ) being parasitized by two parasitoid wasps ( A. calandrae (Howard) [Pteromalidae] and H. prosopidis (Viereck) [Braconidae] ). The experimental system was a closed squared chamber (150 mm × 150 mm × 30 mm) with four large resource patches of plastic dishes (60 mm in diameter). Under experimental conditions (30 ° C, 65% r.h., and 16 L-8 D cycles) the life span of the host is approximately 25 days and both parasitoid wasps have a life span of approximately 15 days (Utida 1943a (Utida , 1948 1957a) . All three species are reproductively active only during the first few days after adult emergence, corresponding to an approximate generation time (i.e. time from egg laid to first reproduction) of 20 days for the host and 10 days for each of the two parasitoids. The beetles lay their eggs uniformly on azuki beans ( Vigna angularis (Willd.) ). The wasps are solitary ectoparasitoids and lay their eggs on the fourth instar larvae and young pupae of the host. H. prosopidis prefers the early and late fourth instar larvae (13-14 days old), while A. calandrae prefers the late fourth instar larvae and pupae (14-17 days old; Shimada & Fujii 1985; Shimada 1985 ; Fig. 1 ). Both parasitoids lay Fig. 1 . The life cycle of the host (C. chinensis) and the parasitoid wasps (A. calandrae and H. prosopidis). All species are reasonably assumed to spend approximately 5 days in each life stages. Only young adults reproduce; and the post-reproductive development period is approximately 5 days (for detailed life cycles, Shimada 1984; Shimada & Fujii 1985; Shimada & Tuda 1996) . Both the parasitoid wasps parasitize the C. chinensis old larvae or young pupae. The parasitized larvae will not survive to pupate, and the parasitized pupae will not survive to adults. eggs mainly on unparasitized larvae/pupae. Therefore, co-parasitization effects may not be large, even if any. Lifetime fecundity per female for H. prosopidis is about 35 eggs (Utida 1948) , while for A. calandrae the fecundity may be as high as 200 eggs when the host density is high (Utida 1943b) .
Every 10 days, 10 g of new azuki beans (in an open plastic dish) were provided in the closed experimental system, replacing 40-day-old beans, and the numbers of live and dead adults of each species were counted; dead individuals were removed. Based on these observations, the numbers of individuals emerging during each 10-day period were calculated.
Both replicate series were started by introducing 32 C. chinensis adults (16 females and 16 males) on days 0, 10 and 20. The host population was maintained solely in the single-species system for 150 days, then eight A calandrae adults (four females and four males) were introduced. The systems with the two species ( C. chinensis and A. calandrae ) were maintained for another 300 days, whereupon 12 H. prosopidis adults (eight females and four males) were introduced. Both replicate systems ran for approximately 750 days with all three species present except for at one census point. H. prosopidis went essentially extinct in replicate A on day 890 with usual demographic stochasticity (all emerged individuals were males), and four male and eight females of newly emerged H. prosopidis were reintroduced. The re-introduction effect is sufficiently small (related to the background demographic stochasticity) to have a negligible long-term effect. Just after 1200 days, H. prosopidis died out in replicate A, while A. calandrae died out in replicate B. The observed population dynamics of the two replicates are shown in Fig. 2 . In this paper, only the segments of the timeseries for which all the species were present (i.e. from day 480-1190) are used.
The model
Let the number of adults emerge during each census period of C. chinensis , A. calandrae and H. prosopidis be denoted by X t , Y t and Z t , respectively. The time step t is measured in units of 10 days. Although the reproductions of insects occur fairly continuously during a census interval, effective ovipositions of the hosts are limited to the first few days after resource renewal at each 10-day census time, since only C. chinensis larvae that are laid during the first few days after the renewal can utilize the seed resource. About the first 200 or 300 larvae will use up 10 g of azuki beans (about five or six larvae per bean × about 50 grains). Considering the fecundity per female of C. chinensis is about 70 -80, the resource limitation occurs if there are more than several C. chinensis females in the system. Similarly, effective parasitisms of the two parasitoid species are also limited to the first few days after the host becomes the vulnerable stages, considering the fecundity per female of A. calandrae (about 200 at most) and H. prosopidis (about 30). Thus, we can reasonably adopt the discrete-time model framework but not the continuous-time one.
Since the generation time of C. chinensis is approximately 20 days, and the generation time of both wasps approximately 10 days, the equations for X t +1 , Y t+ 1 and Z t +1 will all depend on X t -1 , Y t and Z t . The wasps can not complete their development within the first 10 days of host development, hence Y t -1 and Z t -1 does not affect X t +1 . For each of the species the adults live for less then 10 days, i.e. a discrete model with a 10-day interval will be appropriate. Analogous to a Nicholson-Bailey model (where the abundance of the next generation for each of the three species depends on the host population multiplied by an exponential function, e.g. Hassell 1978 Hassell , 2000 , the model is formulated as:
where
, is a general non-linear (and nonparametric) function. For modelling purposes three new variables are defined:
, and an additive noise component ε i , t , i = 1, 2, 3, assumed to be independent random variables with mean zero and variances σ 2 i , incorporated on log scale (e.g. Stenseth, Bjørnstad & Falck 1996) . Equation 1 then becomes
Finding a reliable non-parametric function of three variables with no constraints is not only impossible with only 70 data points; such a function would also be difficult to interpret. Whether F i can be represented by non-parametric additive functions, i.e.
, was therefore tested using a Lagrange Multiplier Test (for theory and results see Appendix I; see also Chan, Krist-offersen & Stenseth, unpublished) . The null hypothesis that F i , i = 1, 2, 3, is additive could not be rejected for any replicates or equations i = 1, 2, 3. Hence, the following additive model is justified by the available data:
The constant, α i ensures that the smooth functions ( f i , g i and h i ) are unique when centred; Appendix I.
It should be noted that even though an additive structure is found, we cannot exclude co-parasitism when the two wasp species parasitize the same host individual simultaneously. In the present system, the two solitary parasitoids are likely to avoid already parasitized hosts (Shimada 1984) . Furthermore, since the availability of data is insufficient to incorporate this explicitly in the model, the possibility of co-parasitism is neglected in the modelling.
Results
       
In Appendix I, a detailed description and the results of the model selection procedures (i.e. an approximate likelihood ratio statistics and an approximate C pstatistics), which select the smoothness of each function in the model, are provided. Each function may be non-linear, linear or constant (i.e. independent of the density). Here, only the overall results are summarized, where a i , b i and c i are constants and f i , g i and h i are nonparametric functions, i = 1, 2, 3. Linear functions f i , g i and h i are expressed as a i X t-1 , b i Y t and c i Z t , respectively. The most appropriate model for replicate A was found to have the structure:
and the most appropriate model for replicate B was found to have the structure:
The most appropriate models found for replicates A and B are almost similar, which suggests that a common structure model being appropriate for both replicates is: The corresponding functions estimated for both replicates are shown in Fig. 3 . The estimates of all the functions, using the full model (equation 2), with their partial residuals and standard error bands are shown in Fig. A1 . These estimates also support the choice done by the selection routine (for details see Appendix I).
  
The common model for C. chinensis is non-linear in its own abundance ( f 1 ) and linear in the abundance of both wasps (g 1 and h 1 ). From the actual function shape shown in Fig. 3 , the slopes of the linear functions g 1 and h 1 are negative (as expected), indicating that the more wasps there are, the lower the growth rate of the host. Note also that the slope of g 1 is similar for the two replicates; this is, however, not the case for h 1 . The low population levels of H. prosopidis in replicate B may alter the relationship between C. chinensis and H. prosopidis, hence the slope of the h 1 functions differs. The deduced structure for the parasitism rate by A. calandrae does not include its own abundance ( g 2 is the chosen constant). Earlier short-term experiments support the independence of its own abundance; the reproduction curve of A. calandrae exhibits a plateau independent of its own abundance when a constant number of hosts is available (Shimada 1999) . Its attacking rate on the host is highly dependent on the host abundance (especially, the host density per bean ; Utida 1957a; Shimada 1984; Shimada & Fujii 1985) . In addition, the high reproductive potential of A. calandrae (up to 200 eggs) enables them to reach high densities within a generation. However, the abundance of the host ( f 2 ) and interspecific competition with H. prosopidis (h 2 ) influence the parasitism rate of A. calandrae strongly. H. prosopidis may attack younger hosts than A. calandrae (Shimada & Fujii 1985; Shimada 1985) , resulting in a lower host density for A. calandrae to attack. The slope of function h 2 is negative (Fig. 3) , implying that the more competitors (H. prosopidis) there are, the less A. calandrae are being reproduced. This is clearer for replicate A where the population size of H. prosopidis exhibits a wider range of abundance.
The deduced structure for the parasitism rate of H. prosopidis includes only the abundance of C. chinensis ( f 3 ) and its own abundance (h 3 ); both functions are non-linear. The absence of A. calandrae's abundance might be due to both that H. prosopidis has a much higher attack rate and possibility to attack younger hosts than A. calandrae, and to the fact that the competitive pressure from A. calandrae to H. prosopidis might be considerable independent of the abundance of adult A. calandrae (i.e. A. calandrae may lay 200 eggs which enables low abundances of adults in one generation to reach high abundances in the next generation). The function h 3 of H. prosopidis has, as expected, a positive slope for small abundances, i.e. the parasitism rate of H. prosopidis is positively dependent on the previous abundance. The non-linearity may be explained by the fact that intraspecific competition of H. prosopidis is sufficiently intense to reduce the abundance in the next generation when the population density is sufficiently high (i.e. more than 80 adults). Earlier short-term experiments designed to detecting mutual interference support this, showing that H. prosopidis experiences intraspecific competition for high adult densities (Shimada 1999) .
Essentially, the functions f 1 , f 2 and f 3 represent the same term; namely the recruitment function for the host, hence the functional shape is expected to be similar. For both replicates, the f-functions are indeed very similar. The shape of the function shows a drastic change in slope when the abundances of the host are between 50 and 100. This might suggest that resource (bean) supply becomes too low compared to the host abundances.
Discussion
During the last few decades ecologists have been occupied by non-linearities in ecological processes (for a review see May 1984) . This interest has taken two directions; one assessing whether populations exhibit chaotic dynamics (e.g. Turchin & Taylor 1992 ; but see Sugihara 1994; Falck, Bjørnstad & Stenseth 1995a , 1995b , and the other attempting to identify the nonlinearities in the underlying model (e.g. Dennis et al. Bjørnstad et al. 1998 Bjørnstad et al. , 2001 Lingjaerde et al. 2001) . Until recently, the most common approach has been the parametric one (but see Stenseth et al. 1997 Stenseth et al. , 1998 Bjørnstad et al. 1998 Bjørnstad et al. , 2001 1999; Jost & Ellner 2000) .
The aim of this paper has been to deduce the underlying structure. By using non-parametric methods, information about the structure is obtained without forcing the model into some particular form. This is therefore a valuable supplement to the more common parametric approach.
Generally, it has been shown here that the threespecies system with one host and two parasitoids is well represented by the non-parametric model proposed. It is important to notice, however, that significant non-linearities have been demonstrated, suggesting that a parametric model might be hard to find without restricting the possible shape of the functions. Specifically, this implies that non-parametric functions are well suited to pick up any non-linearities which may be in the underlying system. The presence of the observed non-linearities in this system should be further tested empirically. Such interactive analyses between modelling and empirical test should be an advantage of the non-parametric approach. For another system (blowflies) such a combined approach was taken; nonparametric modelling (Lingjaerde et al. 2001) and then experimental studies of the model deduced densitydependent structure (S. J. Moe, personal communication). The same should be done for the system in this paper.
Specifically, using a non-parametric modelling approach we have been able to deduce, on the basis of time-series data, density-dependent structures that have earlier been demonstrated by short-term experiments (Shimada 1999) . It is worth pointing out that we have, on the basis of long-term data, demonstrated that the abundance of A. calandrae has no effect on A. calandrae and H. prosopidis, compared to C. chinensis and H. prosopidis's abundance that influence the predicting of the abundance of A. calandrae and H. prosopidis and the fact that we found intraspecific competition of H. prosopidis -both being consistent with Shimada (1999) .
Deducing such density-dependent structures within parasitoid populations is important when aiming at an improved understanding of co-existence/extinction patterns in one-host-two-parasitoid systems (cf. Briggs 1993) . Taking these density-dependent structures, further experiments should be an important next step.
Appendix I. Estimating and selecting an optimal model
Here, the main concepts involved in estimating the functions in the model and in selecting the most appropriate model are outlined.

Each of the three equations in equation 2 is estimated separately and independently. All three equations are estimated in the same manner, hence only the first one is focused on in the following. The residual sum of squares is given by:
The non-parametric additive modelling approach (also known as GAM; Hastie & Tibshirani 1990 ) is used to estimate the functions. Functions are then found by solving the penalized least squares minimization problem: eqn 7 over all functions f 1 , g 1 , h 1 and constants α 1 for which equation 7 is defined. Here, λ 1 , λ 2 and λ 3 are positive constants and φ is designed to penalize for roughness of the functions; roughness (loosely) means departure from linearity. In particular, φ( f ) = 0 when f is linear and φ( f ) > 0 when f is non-linear. Specifically, let:
Observe 
  
A Lagrange Multiplier Test (Chan et al. 2001 ) was used to test for additivity. The basic idea for each equation is to run a GAM to obtain the residuals e t , and the functions f (X t-1 ), g(Y t ) and h(Z t ). Then, form a row vector, Q, of product terms of the functions. Here Q = ( f *g, f *h, g*h) is used. Regress the column of Q on X t-1 , Y t and Z t using GAM to obtain the row vector residuals ζ t . Regress e t on ζ t using ordinary least squares (OLS) and calculate R 2 , the coefficient of determination. The test statistic then is T = nR 2 /(1-R 2 ) where n is the sample size. The test statistic is asymptotically χ 2 -distributed with 3 degrees of freedom. The P-values of the analysis calculated for replicate A were p 1 = 0·923, p 2 = 0·384 and p 3 = 0·267 and for replicate B the calculated P-values were p 1 = 0·073, p 2 = 0·371 and p 3 = 0·191. Hence, the null hypotheses of additivity cannot be rejected on a significance level of 5%.
  
The relatively limited amount of data may not justify the inclusion of all functions in model 2. If an effect is weak (i.e. a function is close to constant), the corresponding function may appropriately be excluded from the model. Given the model defined by the equations in equation 2, we want to determine which functions should be included, and how flexible (in terms of smoothness) these functions should be. This model specification problem can be approached in several ways, ranging from a visual approach to more formal model selection approaches. As above, each equation in the model will be fitted independently, assuming γ i,t+1 , i = 1, 2, 3, to be independent, conditioned on X t-1 .
Visual approach
A visual approach is first adopted by fitting the entire model 2 to the data from the two replicates, using the above method with degrees of freedom chosen equal to four. The resulting function estimates, together with their standard error bands, are given in Fig. A1 . By studying which functional shapes that may fit inside the standard error bands, it seems that for replicate A, g 1 , h 1 and h 2 may be replaced by a linear function and g 2 and g 3 may be omitted. For replicate B, f 1 , g 1 , h 1 and f 3 may be replaced by linear functions, while g 2 and h 2 may be omitted. Following this visual approach, the model should be fitted once again to confirm that the shapes of the remaining functions do not change drastically.
Model selection based on the likelihood ratio statistic
Rather than following this visual and informal approach, a formal model selection procedure is performed, based upon methods evaluating the smoothness of the different functions in model 2 that describe the available data appropriately. In Table A1 , 26 different models (for each of the equations in model 2) are defined: the simplest model has one linear function and two constant functions; the most complex model has three general (potentially non-linear) functions with degrees of freedom equal four. In order to choose between the different candidate models, the likelihood ratio statistic (e.g. Sen & Srivastava 1990 ) is first considered. This method assumes that the noise is normally distributed and independent across time. The likelihood function of the first equation in model 2 is as
given below (the other two likelihood functions for (the second and third) equations of model 2 are similar). The conditional probability density of γ 1,t+1 given X t-1 , Y t and Z t , is:
From the implicitly assumed Markov property (i.e. γ 1,t+1 depends only on X t-1 , Y t and Z t , not earlier observations of X, Y or Z ), the likelihood is given as:
where f 1 , g 1 and h 1 were estimated using non-parametric additive regression as described above. Replacing f 1 , g 1 and h 1 by their estimates fˆ1, g 1 and ĥ 1 in equation 10, an approximate maximum likelihood is developed. In general, the likelihood ratio statistic for comparing two models, i and j, is defined as follows. Let 6 i denote the maximum likelihood function for the model of least complexity and 6 j the maximum likelihood function of the other model. It is assumed that the latter model contains the former model as a submodel (i.e. the models are nested, which means for instance that a linear function, ax, is a submodel of a non-linear function, f (x)). 6 i represents the estimated joint probability density of the data, given the ith model. The likelihood ratio statistic is defined as:
Model i (the least complex model, which will be referred to as the null hypothesis) is favoured over model j if Λ ij > c, where c depends on the distributional properties within the given data set and the required level of significance (in the analysis the significance level is chosen equal 5%). It is well known (e.g. Mardia, Kent & Bibby 1994, p. 124) 
-distribution assuming that the null hypothesis is correct. The χ 2 -distribution will have p-q degrees of freedom, where p is the degrees of freedom for the jth model and q is the degrees of freedom for the ith model. Since the data are assumed to come from a Gaussian distribution, Λ ij = (σ i /σ j ) -n/2 (e.g. Wilks 1962 ). Here, estimates are found by maximizing a penalized likelihood criterion. The likelihood ratio test is therefore only an approximate measure. Accordingly, G 2 ij can not be expected to converge exactly to a χ 2 -distribution.
Model selection based on the C p -statistic
Secondly, the use of Mallow's C p -statistic is considered to determine the best model. Unlike the likelihood ratio statistic, the C p -statistic does not assume nested For H. prosopidis the likelihood ratio statistic selects models N0N and NLN as the best models. The C pstatistic supports this. Model N0N, the simplest and the one with the least C p -value, is selected as the best model for H. prosopidis.
The whole model chosen for replicate A is given in equation 3. The corresponding function estimates with partial residuals and standard error bands are given in Fig. A2 .
Replicate B
The results of the likelihood ratio statistic are given in Supplementary Tables S5, S6 and S7, and of the C pstatistic in Supplementary Table S8 . For C. chinensis the likelihood ratio statistic selected models LLL, LLN, LNL, LNN, NLL, NLN and NNL. Model LLL had considerable lower C p -value than all other models, and is chosen as the best model.
For A. calandrae the likelihood ratio statistic selected models N00, NL0, NN0, N0L, N0N, NLL, NLN and NNL. The C p -statistic supported this selection. Since the simplest model (N00) also is the one with the lowest C p -value, this is chosen as the best one for A. calandrae.
For H. prosopidis the likelihood ratio statistic selected model N0N and NLN. The C p -statistic supported this; however, since the less complicated model had a C p -value that only differed by less than one from model NLN, model N0N was chosen as the best model for H. prosopidis. Altogether this led to the model given in equation 4, where the corresponding function estimates with partial residuals and standard error bands are given in Fig. A3 .
Common structure
Different models were selected for each of the two replicates. However, although the two sets of models are somewhat different, one common model that fits both the replicates appropriately can be found. For C. chinensis, model NLL was chosen for replicate A, while for replicate B, model LLL was chosen. However, the likelihood ratio statistics and the C p -statistic supported that model NLL was one of the best models for replicate B. Therefore, model NLL is chosen as the common best model for C. chinensis.
For A. calandrae model N0L was chosen for replicate A, while for replicate B model N00 was chosen. The likelihood ratio statistic also selected model N0L for replicate B; supported by the C p -value. Hence, model N0L is chosen as the best common model for A. calandrae.
For H. prosopidis model N0N was chosen for both replicates; this is therefore also the common optimal model. 
Appendix II. The validity of the model selection procedure
To test the above model selection methods, 10 data sets of length 150 was generated from the following model:
Initial values x(0), x(1), y(1) and z(1) were chosen at random from a uniform distribution where x lay between 3 and 9, y between 3 and 15 and z between 3 and 10 for each data set. ε x (t), ε y (t) and ε z (t) were generated as random variables with Gaussian distributions having mean zero and variance 0·4 2 , 0·3 2 and 0·3 2 , respectively. Fitting the different complexities of the models from Table A1 , the best model for x was found to be linear in x and non-linear in y. All models involving this model as a submodel were also selected by the likelihood ratio statistic and had lower C p -value than the other models. The best model found is less complicated than the one used for generating, but x turns out to lie between 3 and 9, where 2√x is almost linear.
For y the best model was found to be non-linear in x and linear in z. All models involving this as a submodel were also selected by the likelihood ratio statistic and had less C p -value than the other models.
To generate time-series z, interactions were used in equation 13. The additive functions (from Table 1) are not able to capture this. The likelihood ratio statistic selected models LNN and NLN, while the C p -values, on the other hand, gave equally low values for 12 of the models (0LL, 0LN, 0NL, 0NN, LLL, LLN, LNL,  LNN, NLL, NLN, NNL, NNN) . We did not see any consistency between the likelihood ratio statistic and the C p -statistic in this case.
From experiments with synthetic data, both the approximate likelihood ratio statistic and the C pstatistic gave correct and consistent results when the data came from an additive model. On the other hand, when the data came from a model with interaction, the results were less consistent between the two selection methods. In the analyses reported in Appendix I, the approximate likelihood ratio statistic and the approximate C p -statistic gave consistent results, indicating that the additive model structure chosen is appropriate.
